ABSTRACT Accurate state-of-charge (SoC) estimation is crucial to guarantee the safety and reliability of lithium-ion batteries. This paper aimed to develop an advanced battery estimation method for electric vehicles based on the grey model without the need of a high-fidelity battery model demanding high computation power. The metabolic grey model (MGM) introduced metabolism mechanism to adjust the model parameters according to the evolving operating status and conditions and estimate the state of charge. To further validate the feasibility of the proposed method, the analog acquisition, communication system, and SoC estimation algorithms were programmed to embed within a LabVIEW platform. The performance of the proposed SoC estimation with MGM algorithm was finally investigated with a battery-in-loop platform under different dynamic loading profiles. The experimental results indicated that the MGM can estimate SoC that involved small samples and poor information in real time, with the maximum errors of no over 4% under various loading conditions. INDEX TERMS Lithium-ion battery, state of charge, real-time estimation, grey model, battery management system, LabVIEW platform.
I. INTRODUCTION
Lithium-ion batteries are attracting extensive attention owing to their high power density and energy efficiency, low maintenance requirement, and friendly environment effect which can satisfy the power and energy demand of electric vehicles (EVs) [1] - [4] . In order to avoid abuse of batteries, the state of charge (SoC) is considered as the battery's energy gauge, which needs to be monitored and used to manage the safety and efficiency of batteries [5] - [7] . However, the SoC cannot be measured directly and is sensitive to miscellaneous types of battery materials or operating conditions [8] , [9] .
A. REVIEW OF THE ESTIMATION APPROACHES
With the rapid development of battery management technologies in recent years, many SoC estimation approaches have been developed to estimate SoC of lithium-ion batteries, such as direct measurement, model-based methods, and datadriven methods, etc [4] . Each kind of methods has its own advantages and disadvantages. A systematic classification and comparison are given in Table 1 based on the existing mainstream SoC estimation methods. Direct measurement is easily accessible, but Coulomb-counting method requires an accurate initial SoC and may bring accumulative errors [10] , open-circuit voltage (OCV) -based method need a long time to reach a steady state [11] . Model-based methods are to connect the online battery signals (terminal voltage, load current, and temperature, etc) with the battery SoC employing a battery model [1] . Equivalent circuit model and electrochemical mechanism model are two common battery models to simulate the dynamic characteristics of batteries [12] . Generally, adaptive techniques known from control theory are combined with the equivalent circuit model to achieve the online SoC estimation. Plet firstly proposed the Kalman filter to estimate SoC online [13] . Zou et al. [10] used extended Kalman filter to obtain a linear model for nonlinear systems through a linear technique, in order to improve the performance of Kalman filter. Xiong et al. [14] , [15] tackled the uncertainty of system noise information using the adaptive extended Kalman filter, and obtained significantly important results. He et al. [8] also proposed an unscented Kalman filter to reduce the huge cut-error of extended Kalman filter. Li et al. [16] realized SoC estimation based on an equivalent circuit model and the strong tracking sigma point Kalman filter algorithm to track the variables in real-time and adjust the error covariance. Kim et al. [17] proposed discrete-time sliding mode observer to eliminate the chattering phenomenon in SoC estimation, it has good robustness against the external disturbance and parameter uncertainties. Schwunk et al. [18] proposed a particle filter for state of charge estimation to solve the nonlinear and non-Gaussian SoC estimation for conventional approaches like Kalman filtering. However, the equivalent circuit model only considers the electrical behaviors of battery, but such a model cannot completely describe the internal characteristics of the battery. As an alternative to electrical models, electrochemical model inherently describes electrochemical reaction inside a battery. The major disadvantage of electrochemical models is its extreme complexity. This complexity does prevent implementation of monitoring algorithms on low-cost target microcontrollers. As a result, less adaption is on SoC estimation [1] . Data-driven methods gain more and more attention owing to their flexibility and modelfree characteristics. Hussein presented two artificial neural networks (ANNs) for SoC estimation [19] . And Sheng and Xiao proposed the fuzzy least square support vector machine to reduce the noise sensitive issue of common machine learning strategies [20] . The artificial neural network method and support vector machine method are intelligent algorithms based on the statistical learning theory, which can be utilized to estimate the SoC by regarding the battery as a black-box system. The fuzzy logic method is also designed to depict the sophisticated nonlinear relationship between the SoC and its impacting factors [21] , [22] . However, the data-driven method requires a large amount of test data, such as voltage, current, temperature and historical SoC [1] . In addition, data preprocessing and noise removal are important with all of these methods. The heavy calculation may be another major obstacle for economic application of EVs [23] .
Furthermore, the majority of calculation approaches described above are verified under an off-line manner and MATLAB soft environment. In other words, the robustness and practicality of these developed methods cannot be fully evaluated. Consequently, these methods hardly can apply to the real environment directly. Most of the estimation approaches realized their estimation accuracy in the laboratory with archived loading profiles. Consequently, they cannot achieve accurate SoC estimation because of various unmeasured noise.
Based on the analysis presented above and Table 1 , it can be found that the good estimation performance of data-driven methods relies on a large amount of high-quality training data and high computational complexity. It is likely to mean poor performance without lots of training data using the microprocessors. However, the grey model (GM) focuses on the study of problems from uncertain systems that involve small samples and poor information [11] . One of its advantages is the fact that it requires a small amount of data for modeling. The GM regards the system as a ''grey box'', uses known information to infer the unknown information which is difficult to measure, as well as estimates the future development of the information or factors [24] . The metabolic grey model (MGM) is a new methodology and it is an improvement of the conventional grey model, which aims to make full use of the new information. Consequently, it can track the data fluctuation quickly and enhance the precision of prediction.
B. CONTRIBUTION OF THE STUDY
In this paper, a key contribution is that this study employs a metabolic grey model method to develop a real-time SoC estimation approach with LabVIEW platform. Three main contributions can be drawn comparing with existing methods.
(1) The grey model is committed to reduce the amount of data and avoid a complex battery model for SoC estimation. Furthermore, the metabolic grey model is applied to track the data fluctuation dynamically and enhance the precision VOLUME 6, 2018 of estimation through metabolism mechanism. (2) LabVIEW, which is famous for its flexibility and the graphical user interface, is applied to the realization with specific hardware. Analog acquisition, communication system, and SoC estimation algorithm have been programmed to develop a battery management system (BMS). (3) The performance of the metabolic grey model and developed battery management system is evaluated under different dynamic loading profiles at various temperatures.
C. ORGANIZATION OF THE PAPER
The remaining parts of this paper are organized as follows: In Section II, the metabolic grey model and a battery management system for monitoring the lithium-ion battery are proposed and illustrated in detail. In Section III, the experimental platform and experimental design are demonstrated. In Section IV, some results and discussions are expounded. Finally, some conclusions are provided in Section V.
II. METHODOLOGY
The SoC is a relative quantity which describes the ratio of the residual capacity to the present maximum available capacity C a , it is given by [14] :
where, SoC t is the SoC at time t, SoC 0 is the initial value of SoC, η is the coulomb efficiency, I L is the load current (assume positive for discharge, negative for charge). Eq. (1) is a basis to calculate battery SoC according to the definition.
A. ORIGINAL GM (1, 1) MODEL GM (1, 1) is one of the widely used grey models, the first number in the bracket means the order of the differential equation, and the second number presents the dimensions. Its essence is a discrete differential equation for time series estimation. The procedure of GM (1, 1) is expressed as follows [11] :
Step 1: The non-negative historical sequence X (0) is expressed as:
where x (0) (k) denotes actual value of observable variable at time k, and the number of elements in the sequence n should be greater than or equals to 4.
Step 2: When this sequence is subjected to the Accumulating Generation Operation (AGO), then the following sequence X (1) is acquired.
Step 3: The whitening grey dynamic model can be acquired by a first order differential equation with constant coefficient b, where b is the grey action quantity which represents the influence of the external impact on the development of an event.
T is a sequence of parameters that can be found in Eq. (5), theâ and a are known as the parameters matrix and the development coefficient, respectively. The T denotes the matrix transposition:
Where,
And,
According to Eq. (4), the solution of the whitening differential equation is acquired,
Step 4: To obtain the forecasting values of x (0) k+1 , the inverse accumulated generating operation (IAGO) is used to establish the following grey model:
where,x (0)
(1) . The detailed flowchart of GM is shown in FIGURE. 1:
B. METABOLIC GREY MODEL FOR SoC ESTIMATION
Lithium-ion batteries have strong time-varying and nonlinear characteristics, the problem of its SoC estimation can be converted directly to the solution of a hidden inner state from a strong time-varying nonlinear system. To solve this problem, GM has been proposed as a well-known modeling tool to deal with uncertain systems, especially for multivariable, discrete, and incomplete data, and it can achieve remarkable estimated performance. However, a disadvantage of this approach is that no new information was updated during the modeling process of GM. Therefore, the metabolic grey model was proposed to overcome the abovementioned shortcomings of the original GM through metabolism mechanism. It is a more accessible approach for time-varying systems. For achieving an accurate SoC estimation, the metabolic mechanism has been used for dynamic modeling through the metabolism of old system information and the introduction of new state information, thus it can improve the state estimation accuracy greatly.
To describe the metabolic grey model clearly used for SoC estimation, the metabolic GM (1, 1) model is used for illustration. It is assumed that simplify GM (1, 1) use i (i ≥ 4) number of data points to predict 1 number of data points.
The steps of metabolic grey model for SoC estimation are as follows:
Step 1: For instance, beginning with SoC
(1) , a GM (1, 1) model is created by using the data SoC
(i+1) will be predicted. This process can be shown as:
Step 2: The intention of the metabolic grey model is to utilize the newest data for SoC estimation. Therefore, in this step, GM (1, 1) will be remodeled when 1 new data point is achieved. For example, when the new data SoC
(1) should be removed and a new GM (1, 1) model is established by the series SoC
, and then the series is estimated by using the new model. This step can be illustrated as: Step 3:
Step 1 and step 2 should be implemented iteratively until the last data point has been utilized. Therefore, the metabolism mechanism is shown in FIGURE. 2 in detail.
C. BMS DESIGN WITH LabVIEW PLATFORM
The cruising ability of electric vehicles largely depends on the efficiency of the power battery. The performance of BMS plays a major role in the efficiency of the power battery. In order to enhance the service efficiency of the battery and enhance the performance of the electric vehicles, the BMS needs to obtain accurate information of battery's status by collecting the real-time parameters of each state of the batteries for analysis and processing.
LabVIEW is a system-design platform and development environment for a visual programming language from National Instruments. The resulting program of LabVIEW is the form of a block diagram. The following are the advantages (including but not limited to) of LabVIEW: (1) graphical user interface; (2) modular design and hierarchical design; (3) flexibility and scalability; (4) object-oriented design; (5) open environment; (6) simple application distribution. LabVIEW helps make the complexity of low-level programming and embedded hardware configuration invisible to the user. It has been used for an enormous variety of interesting and diverse applications. Not only can it be used for equipment control and a variety of data acquisition applications to the system design arena where it has been used for development of projects from RF circuitry to biomedical equipment, green technology and much more.
Here, the hybrid programming method of LabVIEW and MATLAB was conducted in the development of the BMS. There are three methods combining MATLAB and Lab-VIEW: MATLAB Script Node, Component Object Model, and Dynamic Link Library. In this paper, MATLAB script node was utilized to complete the communication between LabVIEW and MATLAB. LabVIEW was invoked as a human-machine interaction (HMI) to realize data acquisition and instrument control, and MATLAB was used as a data processing center.
The major functions of developed LabVIEW platform based BMS are as follow: (1) online data acquisition, 
III. EXPERIMENTS
To confirm the effectiveness of the proposed method and the developed BMS, an experimental platform was built. A series of discharge experiments, such as capacity test, different dynamic conditions at high and low temperatures, were conducted.
A. THE TEST PLATFORM FOR LITHIUM-ION BATTERIES
The physical experimental platform is shown in FIGURE. 4. It includes an environmental chamber for environmental control, lithium-ion batteries (which would be placed in the environmental chamber), a charger (ITECH IT6523D), an electronic load (ITECH IT8511), a suite of sensors for measuring voltage, current and temperature, some custom switching circuitry for cable connection, data collector, a LabVIEW based BMS and a computer for humanmachine interface and experimental data storage. The configuration of the computer is as follows: CPU: Intel(R) Core(TM) E7300 @ 2.660GHz; RAM: 2GB. The computer runs on Microsoft Windows XP operating system, and the required software package is MATLAB 2011a and Lab-VIEW 2011. The major equipment parameters are listed in Table 2 [25] , their recorded data include current, voltage, charge-discharge Amp-hours (Ah), etc.
The batteries used for this test are lithium-nickelmanganese-cobalt (LiNMC) batteries, ICR18650-26F, from Samsung, with a graphite anode. The main specifications are listed in Table 3 . Three batteries randomly chosen from the same batch are used for the following separate experiments to verify the generality of the proposed method in this paper.
The linear Allegro TM ACS712 provides economical and precise solutions for AC or DC current sensing with 66 to 185 mV/A output sensitivity in industrial, commercial, and communications systems. The LM35 series are precision integrated-circuit temperature devices with an output voltage linearly proportional to the Centigrade temperature. The LM35 device does not require any external calibration or trimming to provide typical accuracies of ±1/4 • C at room temperature and ±3/4 • C over a full −55 • C to 150 • C temperature range. The USB5935 data collector from Altai has a resolution of 12 bits. All experiments were conducted in the environmental chamber at a desired temperature whose error is within ±0.5 • C, while all the apparatus and equipment worked at room temperature (25 • C with a tolerance of 2 • C).
The LabVIEW platform can measure the current, voltage and temperature of the battery, and calculate the battery SoC by the MGM method, the data send to host computer through USB communication at 1 Hz frequency.
B. BATTERY TESTING AND REAL-TIME SoC ESTIMATION
In this paper, to validate the feasibility and the performance of the metabolic grey model and a LabVIEW platform based BMS for real-time SoC estimation, different tests at different temperatures were implemented, and experiments were designed as follows:
(1) Standard charge: Temperature setup was 25 • C, charging the battery initially with constant current at 0.5C to 4.2V and then with constant voltage at 4.2V till charge current declines to 0.01C. Next, the battery was kept in the environmental chamber for 1 hour.
(2) Capacity test: The capacity means the discharge capacity of the battery, which was measured by IT8511 with the discharge current of 0.2C with 2.75V cut-off voltage after the standard charge. The procedure of real-time SoC estimation during the process of dynamic loading conditions mainly includes the following specific steps, and the diagram was given in FIGURE. 6:
Step 1: The battery was discharged by IT8511 according to the designed discharge conditions, including three loading conditions (NEDC, UDDS, and JP1015) at three temperatures (5 • C, 25 • C, and 45 • C), reactively.
Step 2: The data collector collected the load current (I), terminal voltage (U) and operating ambient temperature (T) of battery by the detection of specific sensors.
Step 3: The initial SoC 0 was corrected according to the fitted OCV curve clusters, which were obtained offline in advance by the artificial neural network. Then, the current integration was implemented to calculate battery SoC according to Eq. (1). Note that eight data points were used for model initialization.
Step 4: After the current integration, the several SoC points determined by the grey model were utilized into the metabolic approach to estimate the SoC next time. It just needs to point out that Steps 2-4 are completed by the BMS.
Step 5: At last, the data which had already been collected by the data collector and the estimation results of the metabolic grey model were all transmitted to the LabVIEW platform based BMS for visualization and data records. During the process of charging or discharging, the Lab-VIEW platform based BMS monitors all the battery parameters (terminal voltage, load current, temperature, SoC, etc.) and controls circuit switching to protect the battery from overvoltage, under-voltage or abnormal temperature.
IV. RESULTS AND DISCUSSION
The discharging tests have been described detailedly in Section III: different dynamic loading conditions at different temperatures. The true values of SoC are calculated based on the data gathered by the electronic load, however, the estimated SoC was based on the proposed metabolic grey model and the developed battery management system.
A. THREE DIFFERENT dYNAMIC LOADING CONDITIONS
The New European Driving Cycle, Urban Dynamometer Driving Schedule, and Japanese 1015 Mode Driving Schedule were typical driving cycles designed to assess the emission levels of car engines and fuel economy in passenger cars. All the three dynamic loading conditions were carried out circularly at 5 • C, 25 • C, and 45 • C, respectively. The comparison of the SoC curves, its error curves, and model parameters a, b under different temperatures are shown in FIGUREs 7-15, respectively.
From FIGUREs. 7 (a)-15 (a), it can be seen that the proposed metabolic grey model and the developed battery management system present good performance in tracking SoC under different dynamic loading conditions at different temperatures. For the estimation results (presented in FIGUREs 7-15), it can be observed that the errors tend to increase with time. One big reason was that the Coulomb counting method adds up the current collection errors, resulting in an accumulative error. The problem was also one of the characteristics of Coulomb counting method. However, the estimation errors are no more than 4% from the FIGUREs (b) due to that comparatively short time. Therefore, in order to evaluate the tracking performance quantitatively, the detailed statistical analysis of different errors was shown in Table 3 , including maximum error, mean absolute error (MAE), the root of mean square error (RMSE), and residual standard deviation (STD) under different dynamic loading profiles.
Maximum error reflects the maximum estimation error, however, it is not a kind of evaluation criteria about the overall situation and more evaluation parameters should be necessary. In statistics, MAE is a measure of the difference between estimated SoC and true values, and RMSE can show the dispersion degree and convergence performance VOLUME 6, 2018 of the SoC estimation error. The residual standard deviation is a statistical term used to describe the standard deviation of points formed around a linear function and is an estimate of the accuracy of the dependent variable being measured. From the FIGUREs and evaluation parameters, it can be drawn that the developed battery management system has a good performance on real-time SoC estimation under different dynamic loading profiles at various temperatures.
B. RESULTS ANALYSIS
The reason why this accurate estimation can be acquired is that the battery system is regarded as a ''grey causes and white results'' system in this paper. For the battery SoC, the mechanism of the external impact factors is uncertain and it is hard to accurately define the impact. Because external impact factors are various and coupled (grey causes). The results can be seen from the model parameters a, b. As the load current changing a lot, the battery SoC would change with it. Meanwhile, the development coefficient would be changed greatly as well. This lays the foundation for the metabolic grey model to track the SoC accurately. On the contrary, the decreasing trend of the performance caused by these external factors can be determined (white results) by the grey action quantity. Thus, the use of the metabolic grey model to describe and estimate the SoC online is appropriate. The results confirm that the metabolic grey model can track the changing trends by adopting the newest information, which updates the parameters of the metabolic grey model. Therefore, the dynamic tracking performance is enhanced. Although this method suffers a slight accuracy loss under dynamic conditions, yet the errors of estimation are still such that they can be accepted.
During the whole discharging periods, the LabVIEW platform based battery management system can collect the data effectively and robustly while providing the human-computer interface for controlling the on-off of the charging/discharging circuit. And the embedded algorithm metabolic grey model has good estimation performance and robustness. In addition, as one of the principal functions of BMS, the computational requirement of SoC estimator is very important. If the computational burden of SoC estimation is too heavy, other functions, including battery states estimation, battery uniformity and equalization, and fault diagnosis, would be affected inevitably, it may even cause the system to malfunction. Therefore, the embedded algorithm needs to be evaluated systematically from the point of algorithm complexity. Generally, algorithm complexity contains time complexity and space complexity. So the following assessment of the proposed algorithm would be implemented from the two aspects. In terms of time complexity, the metabolic grey model is O (N 3 ) depending on Eq. (5) as it involves inversion of the matrix, where N is the number of training samples. The time complexity involved in the whitening grey dynamic model (Eq. (4)) and the solution of the whitening differential equation (Eq. (8)) are O (N) and O (N 2 ), respectively, assuming that the inverse matrix has been stored from the training phase. Therefore, the maximum time complexity of the metabolic grey model is O (N 3 ). In addition, the metabolic grey model is also carried out offline with the online collected data by the LabVIEW platform based BMS using the same computer and software. The entire process of computing lasts for less than 0.5s, but the discharging process lasts for a little over 4000s, it means that each data point takes about 1.25 * 10 −4 s, which is far less than the sampling frequency (1 Hz). In terms of space complexity, memory usage is about 500 Mb and the data-storage is about 300 Kb. The most of memory usage is MATLAB and LabVIEW, the memory usage would decrease precipitously if the developed BMS converts scripts to EXE files. Therefore, the proposed MGM and developed BMS can achieve an accurate SoC estimation against different driving cycles and temperatures with a small computational burden, memory consumption, and datastorage burden.
V. CONCLUSIONS AND FUTURE WORK
This paper has proposed a real-time estimation unit of battery SoC with metabolic grey model and LabVIEW platform based battery management system. The main conclusions can be summarized as follows:
(1) Based on our previous research experience about the grey model, the metabolic grey model was proposed to estimate battery SoC. The algorithm was evaluated from the aspect of algorithm complexity, it has the advantages of light calculation, short time-consuming and so on.
(2) This algorithm was embedded in a LabVIEW platform based battery management system by a hybrid program (combining LabVIEW and MATLAB). It is worth noting that both the sampling intervals for voltage and current and for communication are 1 s.
(3) The proposed metabolic grey model and developed battery management system were evaluated through different dynamic loading conditions at different temperatures. The developed battery management system unit has good measurement performance through the evaluation of battery voltage and current measurement accuracy.
(4) The results indicate that the nonlinear operating performance of the battery could be tracked accurately, and the LabVIEW platform based battery management system can estimate battery SoC accurately in a real environment.
In a future study, this method and platform will be utilized in the estimation of SoC for a multiple battery packs, and the BMS would contain further details, such as state of health (SoH) estimation, and prediction of remaining useful life (RUL) etc.
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